Abstract-A new medical ultrasound tissue model is considered in this paper, which incorporates random fluctuations of the tissue response and provides more realistic interpretation of the received pulse-echo ultrasound signal. Using this new model, we propose an algorithm for restoration of the degraded ultrasound image. The proposed deconvolution is a modification of the classical regularization technique which combines Wiener filter and the constrained least squares (LS) algorithm for restoration of the ultrasound image. The performance of the algorithm is evaluated based on both the simulated phantom images and real ultrasound radio frequency (RF) data. The results show that the algorithm can provide improved ultrasound imaging performance in terms of the resolution gain. The deconvolved images visually show better resolved tissue structures and reduce speckle, which are confirmed by a medical expert.
I. INTRODUCTION

U
LTRASOUND imaging is widely used in medical diagnosis, due to its noninvasive nature, low cost, portability, and real-time image formation. Unfortunately, ultrasound images exhibit speckle artefacts which mask the presence of lowcontrast lesions and, hence, reduce the resolution in imaging fine details for diagnostic examination. Image speckle is an inherent property of all coherent imaging system. In ultrasound images, it is caused by the constructive and destructive interference of backscattered signals due to unresolved tissue inhomogeneity [1] - [7] .
The promise of image restoration and contrast enhancement techniques has motivated a considerable research in speckle reduction. Over the years, techniques such as weighted median filtering [1] , [2] , adaptive filtering [3] , [4] , wavelet shrinkages [5] , [6] , [8] , and anisotropic diffusion [9] , [10] are explored on the ultrasound envelope image for speckle reduction. Despite being simple and fast, the techniques of processing the demodulated envelope images have inherent limitations in the lower resolution and being severely blurred in both the axial and lateral directions by the scanner probe. The obtained ultrasound images are, therefore, distorted versions of the actual anatomical tissue structures. To improve image quality, recent techniques modeled the ultrasound image formation process in the radio frequency (RF) domain as a spatio-temporal convolution between the ultrasound pulse-echo wavelet or point-spread function (PSF) and the tissue response [7] , [11] - [18] . These works focused on the estimation of the spatially variant PSF in the biological tissue. Abeyratne et al. [16] , [17] proposed to use higher order spectra based method for estimating the separable two-dimensional (2-D) PSF. Taxt [7] , [14] , [15] however, suggested using the complex cepstrum method. These algorithms emphasized obtaining an accurately estimated PSF. Unfortunately, the existing techniques are not tailored for the noise suppression in both the tissue response and RF echo measurement.
While there exist a number of criteria for quantitative evaluation of ultrasound images [7] , [14] - [19] , most commonly used criteria for evaluating ultrasound imaging in the RF signal domain are known to be the signal-to-noise ratio (SNR), the contrast ratio (CR) and the resolution gain (RG). And it has been shown that RG is relevant in evaluating speckle reduction in the ultrasound RF signal domain [7] , [14] - [18] .
In this paper, we present a tissue signal model. The inclusion of the model in the received pulse-echo pressure field reveals that there are two different natures of noise sources existing in the received ultrasonic RF echo. One is inherent in the tissue response and the other is the measurement noise. A desirable ultrasound image can be obtained only when effects of both kinds of noise are suppressed. Using the new model, we propose an algorithm which combines the optimal Wiener filter to reduce the measurement noise and the constrained least squares (LS) filter to suppress the fluctuations in the tissue signal. Evaluation of the algorithm performance is conducted on simulated phantom images and real ultrasound RF data. The results show that improved imaging is achieved in terms of RG.
The rest of this paper is organized as follows. Section II describes characteristics of the tissue and the new tissue signal model in the convolution form with the RF echo. Section III presents formulation of the proposed 2-D deconvolution algorithm. In Section IV, we present simulation and experimental results, analyze, and address performance of the proposed algorithm. Finally, Section V concludes the paper.
II. PROBLEM FORMULATION
In ultrasound imaging, tissue characteristics are often interpreted as a collection of point scatterers embedded in a uniform nonscattering medium. The biological variability associated with tissues, the spatial distribution, and the scattering strength associated with these scatterers are often described in statistical terms. The strength of scatterers can be modeled as Gamma distribution [20] - [22] and the locations of which are random and follow a uniform distribution [20] , [21] . Thus, the structures within the tissue which are responsible for the backscattered ultrasonic field can be expressed as (1) where is called tissue response representing the underlying tissue structure, is the Kronecker delta, is a vector denoting the location of the scatterer, is the amplitude of the th scatterer of Gamma distribution and is the number of scatterers in the range cell.
Insana et al. [23] represent the scattered field as a sum of the average field and the fluctuating field. The average field is called the coherent field and the fluctuating field is called the incoherent field which has the ensemble average of zero. In [22] , Abeyratne et al. attempt to characterize the tissue based on a three-component point scatter model: 1) the diffused component; 2) resolvable periodic component; and 3) a mixed nonGaussian component. Georgiou et al. [21] , however, decompose the RF echo into a coherent component and a diffused component. Thus, the model in (1) can also be represented as (2) where represents the mean scattering amplitude, the subresolvable or the resolvable periodic alignment of scatterers and models the random like effects of scatterers in the variation of . Hence, is considered as noisy tissue whereas is the noiseless tissue response. The presence of results in a formation of speckle in the detected ultrasound envelope image. The speckle is known as an artifact since it is nonrandom and presents in the same structure if the scanning is repeated under the same condition. It is, however, often regarded as random in the sense that scatterers are located randomly in the tissue. Because of this nature, simply averaging the receiving ultrasound RF signal does not result in reduction of the speckle.
Under the assumptions of linear propagation and weak scattering, an expression for the received pressure field can be derived, using the first-order Born approximation, as a convolution in the following form [24] ( 3) where is the vector denoting the location of the transducer, " " and " " denote temporal and spatial convolution, respectively, is the pulse-echo wavelet accounting for the transducer excitation and electromechanical impulse response during the emission and reception of the pulse, is the modified pulse-echo spatial impulse response relating the transducer geometry to the spatial extent of the scattered field, and the noise term explains the inevitable noise in the measured signal. The convolution of and in time is called the 2-D PSF.
III. TWO-DIMENSIONAL DECONVOLUTION
The convolution model (2) and (3) has the following expression in the sampled domain [7] , [11] - [18] (4) (5) where and represent the sampled horizontal and vertical coordinates, respectively, is the ultrasound RF echo, is the 2-D PSF, is the tissue response with modeling undesirable random like effects of scatterers in the tissue response, is the additive noise and is assumed white noise in the rest of this paper, and " " denotes the discrete 2-D linear convolution operator. The block diagram of the new model is shown in Fig. 1(a) . The process of recovering from is known as blind deconvolution. For solving the blind deconvolution problem, we assume that an estimated 2-D PSF which has been obtained using the contemporary PSF estimation algorithm and normalized to unit energy. Based on the proposed model, we derive an ultrasound deconvolution algorithm which combines the optimal Wiener filter to reduce the measurement noise and the constrained LS filter to suppress the fluctuations in the tissue signal. The details of the proposed algorithm are elaborated in the following.
A naive deconvolution would be inversing the smoothing process directly to obtain . However, such inverse filtering [25] can perform poorly if the filter design ignores the tissue noise. To resolve this issue, Taxt et al. [7] , [14] , [15] resort to the use of the classical regularization techniques [25] for reducing the measurement noise effect and canceling the inverse filter singularities, so as to restore the original noiseless signal. This approach is originated from the signal distortion model in Fig. 1(b) which neglects the random fluctuations nature inherent in the tissue signal.
Our proposed algorithm arises from the new model as shown in Fig. 1(a) . It is to remove the noise term with an optimal filter and then estimate the tissue response using the constrained optimization technique. The constrained least squares (CLS) filtering is an approach to deal with difficulties associated with the inverse filter, while retaining the simplicity of using a single linear space-invariant filter for restoring the image.
If the effects of noise are omitted, i.e., , a good restoration should give a blurred estimate approximately given by (6) where denotes an estimate solution of . When an inverse filter is used, this approximation is made exact which can cause problem when there is randomness in , i.e., , due to that the inverse filter performs an exact fit to the noisy data. Another interpretation is to consider the signal as an uncertainty on . A reasonable expectation for the restoration which accounts for the noise term is that it satisfies the following norm constrained condition: (7) where is the norm. This implies that we select such that, if it is blurred by , the result will differ from as little as possible in the mean-square sense. Now, we set up a constraint minimization problem by selecting a weighting function as a desired linear operation on . A prior knowledge of the PSF can show that its axial and lateral frequency spectra are bandpass and lowpass, respectively. This requires that restoration with an inverse filter should have emphasis on suppression on the out-ofband frequencies [26] . Thus, we can choose which emphasizes the restoration of passband signals while deemphasizes those out-of-band frequencies. With this consideration and to trade-off between errors caused by regularization and noise magnification, we have chosen where is the standard Laplacian operator widely used in CLS filters [25] .
In the following, we derive a procedure leading to an expression for the CLS filtering. Introduce (8) This representation has the form of the signal distortion model of Fig. 1(b 
Thus, by introducing into the minimization the constraint that the norms of each side of (10) be the same; we arrived at an approximation of (7)
For eliminating , the Lagrange multiplier is introduced to enforce a prior knowledge into the solution of the LS problem. The CLS solution is such that the restoration is chosen to minimize the cost function subject to the constraint [25] , [27] . Using the method of Lagrange multipliers yields the estimated tissue response (12) Using and substituting (8) into (10), we can derive the optimal solution for (12) in the frequency domain representation as (13) where is the reciprocal Lagrange multiplier. The value controls the weighting of the the minimization upon the estimate [25] .
IV. COMPUTER SIMULATION AND EXPERIMENT
A. Deconvolution of Simulated Ultrasound Data
The generation of the ultrasound image is described as follows. We modeled an observed ultrasound image of 3 cm 3 cm. The received RF backscattered signal is sampled at 20 MHz and the step size of transducer along the lateral direction is set to 0.1 mm. The model of the ultrasound RF data is in according with (1) and (4). The ultrasound system impulse response before the sampling and lateral translation operations is represented by and is separable [9] , i.e., , where is the scalar representation of the lateral coordinate and denotes the axial coordinate corresponding to (3), respectively, is the spatial response for the transmitting and receiving aperture with representing the beam-width of transmitting ultrasonic wave, and is the transmitted pulse modeled as a sine modulated Gaussian function with the center frequency (3.5 MHz) and the bandwidth (1.72 MHz). The ultrasound system impulse response is normalized with respect to the total energy such that . The function being the noisy tissue response in (4) represents the underlying tissue structure and is simulated by random point scatterers. The backscattering strength of the random scatterers in the tissue has a Gamma distribution [20] , [21] . The randomness in the variation of scatterers is expressed as SNR of the scattering amplitude which is set to 20 and the densities of randomly located scatterers are set to 5 scatterers/mm and uniformly distributed.
The simulated tissue is designated to give fully developed speckle and it has a cylindrical disk located at its central. The mean scattering strengths for the background and the cylindrical regions are assigned to be 50 and 25, respectively. Therefore, the received ultrasound echo signal, , is a superposition of echoes from all the scatterers present in the scattering volume (14) To model the inevitable noise in the measured signal, the received RF signals are corrupted by adding zero mean white Gaussian noise to give root-mean-square SNR of 20 which is worst than that of the practical value [13] . The sampled RF data of the receiving ultrasound echo signal has a dimension of 796 360. The following settings are arrived empirically and they are also used later in the real ultrasound RF data.
Each 2-D PSF estimate is based on sampled RF data from a block of 32 64. This setting is obtained based on a prior knowledge of the ultrasonic system settings which is large enough to accommodate the spatial extent of the 2-D PSF throughout different imaging depth. The RF images are then segmented into various rectangular blocks of 70% overlapping. Among them, thirty blocks that have envelope SNR closer to 1.91 are undergone the 2-D PSF estimation.
The estimations are performed in the cepstral domain using a 2-D Butterworth lowpass filter that has an order of 5, and cutoff frequencies of 0.5 and 0.7 in the axial and lateral axes, respectively. The active map in the weighted LS phase unwrapping algorithm is set to 100% and 30% in the axial and lateral axes, respectively. The estimated PSF are averaged to improve the robustness of the estimation. Under this circumstance, the 2-D PSF is substituted by its estimation .
Two homogeneous regions of interests of 100 80 are identified in the simulated tissue phantom. Region 1 is located at the center of the cylindrical disk whereas region 2 is situated in the scattering background region. To assess performance of the CLS filter, we adopt commonly used SNR and CR as the performance criteria. The speckle SNR is defined as the mean of the absolute values of the RF data against its standard deviation. CR is computed as where and are the mean values of the center and background regions, respectively. Furthermore, as the reduction in speckle size suggests a gain in resolution, we adopt RG which is defined as the ratio of the correlation lengths of the RF data before and after deconvolution. These computations are performed on both the axial slice, , and lateral slice, , where they are extracted through the peak of the 2-D autocovariance function (ACF). These criteria were used in a number of works [7] , [14] - [18] in evaluation of ultrasound imaging in the RF signal domain.
One hundred sets of simulated ultrasound RF data are generated and the original images and their corresponding deconvolved images are first evaluated in terms of SNR and CR. The evaluation results are summarized in Table I in the form of the statistical mean value with standard deviation of one, i.e., mean value one standard deviation for comparing the performances of the CLS filter and the reference algorithm (Wiener filter). In the evaluations, the 1/SNR of the Wiener filter is set to 0.01 which is chosen interactively to yield the best visual results [15] , [25] , and this value is then used for . Table I revels that there is hardly any improvement in speckle SNR with both filters. This is also observed and explained in an early work [7] . The deconvolved images have granular patterns reduced in size such that, under the same examination window as that of the original data, there seem to exist more of these smaller granular patterns in which the computation may result in a lower speckle SNR. Hence, this metric alone may not give a good indication of the visual improvement due to shrinkage in speckle size. Moreover, preservation of the CR is essentially to ensure the visibility of the embedded tissue structures. The CR of the CLS filtered images is approximately the same as the original images.
The results of both Wiener and CLS filters showed improvement from the original image, and the averaged 2-D ACF in the axial direction slice and lateral direction slice are demonstrated in Fig. 2 . We observe that, while both Wiener and CLS filters exhibit about the same performance in the slice solution, the slice of the CLS filter shows more consistently narrowing of profiles from dB down to dB. This indicates the improvement of RG by CLS filter, since RG is defined as the ratio of the correlation lengths of the RF data before and after deconvolution. Typically at dB level, the RG of the slice is 1.8812 0.6879, in terms of mean value one standard derivation, by CLS filter in comparison with 1.3796 0.6570 by Wiener filter.
We visually compare all the simulated images before and after deconvolution and a set of the images as depicted in Fig. 3 are used for illustration. As shown, the size of the granular patterns in both Fig. 3(b) and (c) has reduced. Furthermore, the embedded object is better defined with the CLS filter than in both the original image and Wiener solution. The borders of the cylindrical disk of both the original image and Wiener solution are smeared and more difficult to detect. In particular, the Wiener solution is also more noisy. These subjective observations in the Wiener solution seem to indicate that factors of its improvement in RG are because that it is being more noisy and that RG is also related to the degree of decorrelation.
B. Deconvolution of Real Ultrasound Data
A set of eight different unfiltered RF data is recorded from the abdomen of adult volunteers with a VIVID3 (GE, Medical ultrasound, Inc.) commercial ultrasound scanner, equipped with a special data-transfer board. As mentioned earlier, the same parameters settings of the algorithms are used in the simulated and experimental data. However, there exists a distinct treatment between the simulated and real ultrasound RF data. In the simulation, we simulated a spatially invariant 2-D PSF so that the quality of the PSF estimation can be examined. This is not the case in the real ultrasound RF data. The 2-D PSF is expected to varying in some extent. Because of this reason, the whole piece of ultrasound RF data is segmented into various overlapping segments and each of these segments is considered to be the convolved result of a spatially invariant 2-D PSF and the noisy tissue image. Since the sample RF data has a size of 1024 301, which is prolonged in the axial direction, the segmentation is only performed in the axial direction. In the experimental data, the relative performance compiled for the speckle SNR and RG for both Wiener and constrined LS filters are consistent with that of the simulated results recorded in Table 1 and Fig. 2 , so they are not presented. Fig. 4 presents three different deconvolved images using the CLS filter. Very consistent observations are made from the experimental results. All the structures in the standard images are blurred and the speckle in the images is pronounced. The figures show that the size of the speckle is reduced in the deconvolved images. The shrinkage in the granular pattern makes small details sharper. The speckle is more distinct and the improvement in the spatial resolution is also evident from the reduction in its spatial correlation axially and laterally. This is demonstrated by the relatively narrower 2-D ACF compared to the corresponding widths of the standard image leading to an increase of RG in these two directions. The blurring which is more noticeable in the far field of the original images is corrected. Moreover, the Wiener solution appears to be noisier whereas there is a better appearance of the tissue structures and blood vessels in the CLS filtered images. A medical expert has confirmed that images with better perceived visual quality are credited to those processed by the CLS filter.
V. CONCLUSION
This paper has considered a new medical tissue model for ultrasound image formation. It is based on careful studies of the works in the field of biological tissue characterization. The incorporation of this model into the existing convolution expression of the ultrasonic RF echo reveals the needs to further processing the ultrasound image after inverse filtering. The signal model points out the fact that, even if there exists no external noise, there are still random tissue fluctuations occurred within the received ultrasound RF echo frequency spectrum.
We have proposed an algorithm to address these issues based on the new ultrasound tissue model. It combines optimal Wiener filter and CLS filtering algorithm for the estimation of the tissue signal. The performance of the algorithm is evaluated by applying it to a large number of simulated ultrasound RF data and real ultrasound experimental data. Simulation results can show that our proposed algorithm has achieved ultrasound imaging improvement in terms of the RG, while preserving the image signal to noise ratio and contrast. Moreover, the restored real ultrasound images are de-blurred, which implies that they are now relatively independent of the properties of the imaging system. The deconvolved images exhibit improved visual quality compared with the Wiener solution as well as the original images. The structures of the biological tissues and blood vessels can be seen more clearly in the deconvolved ultrasound images.
